Objective: Physicians commonly prescribe antidepressants for indications other than depression that are not evidence-based and need further evaluation. However, lack of routinely documented treatment indications for medications in administrative and medical databases creates a major barrier to evaluating antidepressant use for indications besides depression. Thus, the aim of this study was to derive a model to predict when primary care physicians prescribe antidepressants for indications other than depression and to identify important determinants of this prescribing practice. Methods: Prediction study using antidepressant prescriptions from January 2003-December 2012 in an indication-based electronic prescribing system in Quebec, Canada. Patients were linked to demographic files, medical billings data, and hospital discharge summary data to create over 370 candidate predictors. The final prediction model was derived on a random 75% sample of the data using 3-fold cross-validation integrated within a score-based forward stepwise selection procedure. The performance of the final model was assessed in the remaining 25% of the data. Results: Among 73,576 antidepressant prescriptions, 32,405 (44.0%) were written for indications other than depression. Among 40 predictors in the final model, the most important covariates included the molecule name, the patient's education level, the physician's workload, the prescribed dose, and diagnostic codes for plausible indications recorded in the past year. The final model had good discrimination (concordance (c) statistic 0.815; 95% CI, 0.787-0.847) and good calibration (ratio of observed to expected events 0.986; 95% CI, 0.842-1.136). Conclusion: In the absence of documented treatment indications, researchers may be able to use health services data to accurately predict when primary care physicians prescribe antidepressants for indications other than depression. Our prediction model represents a valuable tool for enabling researchers to differentiate between antidepressant use for depression versus other indications, thus addressing a major barrier to performing pharmacovigilance research on antidepressants.
Introduction
Adverse drug reactions are a major cause of mortality, morbidity, and hospitalizations in the USA [1] [2] [3] and Canada. 4 Pharmacovigilance -defined by The World Health Organization as "the science and activities relating to the detection, assessment, understanding, and prevention of adverse effects or any other drug-related problems" 5 -is essential for increasing drug safety and reducing the frequency of adverse drug events. [14] [15] [16] [17] [18] have inferred the reasons for antidepressant use based on the presence of diagnostic codes for plausible indications in administrative databases. We previously evaluated the accuracy of this approach and found that when compared to physician-documented treatment indications from an electronic prescribing system, administrative diagnostic codes had poor sensitivity (ie, identified only a small proportion of antidepressant prescriptions truly written for the corresponding indication). For example, diagnostic codes for depression, anxiety/stress disorders, and sleeping disorders identified only 26.5%, 31.2%, and 4.9% of antidepressant prescriptions for these indications, respectively. 19 Unless other variables in health services data besides diagnostic codes can improve the ability to predict antidepressant treatment indications, such data will likely remain an unviable resource for studying antidepressant use by indication. Thus, the primary objective of this study was to derive and validate a model using a wide range of variables derived from health services data to predict when primary care physicians prescribed antidepressants for indications other than depression and to compare the performance of this model to that of a model based on diagnostic codes alone. A second and equally important objective of this study was to identify important predictors of antidepressant prescriptions for indications other than depression and measure their association with the outcome.
Methods study design and context
This prediction study took place in the Canadian province of Quebec, where a universal health insurance program covers all residents for the cost of medically necessary services, including physician visits, hospitalizations, diagnostic and therapeutic procedures, and psychiatric treatments. 20 Over 90% of physicians are reimbursed on a fee-for-service basis, with physicians submitting claims to the provincial health insurance agency (the Régie de l'assurance maladie du Québec [RAMQ] ) for services rendered in hospitals or private clinics. 21 Each medical claim contains a billing code for the service rendered and an optional International Classification of Diseases, Ninth Revision (ICD-9) code for the primary complaint. The province also maintains a hospitalization discharge summary database (MED-ECHO) containing details of all hospitalizations at acute care institutions in Quebec, including in-hospital procedures and discharge diagnoses recorded by medical archivists based on structured chart abstraction. Before April 2006, discharge diagnoses in hospital abstracts were recorded using the ICD-9 system and in-hospital procedures were recorded using the Canadian Classification of Diagnostic, Therapeutic, and Surgical Procedures (CCP) system. Since April 2006, the ICD-10 coding system and the Canadian Classification of Health Interventions (CCI) system have been used.
By law, all Quebec residents must be covered for prescription drugs through either private plans (ie, group or employee benefit plans) or the public drug insurance plan. Approximately 50% of residents are registered in the public drug insurance plan, including individuals aged 65 years or older, welfare recipients, and those not insured through an employer.
The Medical Office of the XXIst Century (MOXXI)
The Medical Office of the XXIst Century (MOXXI) is an indication-based electronic prescribing and drug management system used by consenting primary care physicians at community-based clinics around two major urban centers in Quebec. 22 For all prescriptions, MOXXI physicians are 
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Predicting when antidepressants are prescribed for indications other than depression required to document at least one treatment indication using either a drop-down menu containing on-label and off-label indications (without distinction) or by typing the indication(s) into a free-text field. These physician-documented indications were previously validated against a blinded, post-hoc physician-facilitated chart review, and were shown to have excellent sensitivity (98.5%) and high positive predictive value (97.0%). 23 Since 2003, 207 physicians (25% of eligible) and over 100,000 patients (26% of all who visited a MOXXI physician) have consented to participate in MOXXI and have their information used for research purposes. MOXXI physicians tend to be younger and have lower patient loads than non-MOXXI physicians, while MOXXI patients tend to be older with more health complexities than non-MOXXI patients. 24 
Data sources
This study included all prescriptions of drugs approved for depression that were written by a MOXXI physician between 1 January 2003 and 31 December 2012. The unit of analysis was the prescription. Patients with eligible prescriptions were linked by unique patient identifiers to beneficiary and medical claims data from RAMQ and hospital discharge abstracts in the MED-ECHO database. All databases accessed contained only anonymous or de-identified data. This study was approved by the McGill Institutional Review Board.
Exclusion criteria
Drugs were excluded if they had fewer than 120 prescriptions in the MOXXI system over the study period (roughly corresponding to a prescribing frequency of less than once per month). As a result, all prescriptions for moclobemide, maprotiline, phenelzine, nefazodone, and tranylcypromine were excluded from the analysis.
study outcomes
The primary outcome was a binary variable representing whether the physician had prescribed the antidepressant for an indication other than depression. The secondary outcome was a polytomous variable that assigned antidepressant prescriptions to one of five treatment indication classes: 1) depression; 2) anxiety/stress disorders; 3) sleeping disorders; 4) pain; or 5) miscellaneous indications. Both outcomes were determined using the physician-documented indications in the MOXXI system, where treatment indications were grouped into categories using definitions under the ICD-9 system. For prescriptions where physicians recorded more than one indication (1.5% of all antidepressant prescriptions), we used the indication entered first since it most likely represented the main or most responsible indication.
Candidate predictors
We considered a wide range of characteristics related to the prescription, patient, or prescribing physician. Table 1 shows all 373 variables that were considered as candidate predictors of antidepressant prescriptions for indications other than depression.
Prescription factors
We used information from the index prescription to create variables for the name of the prescribed molecule, the prescribed dose (in mg/day), whether the drug was to be taken on an "as-needed" basis, and the number of other drugs concurrently prescribed with the antidepressant. We considered these factors because certain antidepressants like selective serotonin reuptake inhibitors are more commonly prescribed for depression 10, 25 but may be taken "as-needed" when used for other conditions like sexual dysfunction. 26 We also hypothesized that the prescribed dose was an important predictor because drugs like trazodone, amitriptyline, and doxepin are typically taken at lower-than-usual doses when prescribed for insomnia. 27 
Patient factors
Patient factors included variables related to demographics, socio-economic status (SES), health problems (diagnostic codes), health services use, and drugs prescribed in the past year. SES was measured using area-level markers of income (median household income), education (% of population aged 25 to 64 years with less than university education), and employment status (% of population aged 25+ years without employment), which were determined by mapping the first three digits of patients' postal codes to their associated census tract divisions and calculating a weighted average of the respective estimates from the 2006 Canadian census. Patients' type of drug insurance (public or private plan) was also considered since residents under 65 years old with public drug insurance are typically unemployed or on welfare.
Diagnostic codes from physician billings or hospital discharge abstracts in the past year were expressed using 129 binary variables. Twenty-six of these variables captured the presence of diagnostic codes for 13 plausible treatment indications for antidepressants: depressive disorders, anxiety/ stress disorders, pain, migraine, fibromyalgia, obsessivecompulsive disorder, vasomotor symptoms of menopause 
Notes:
a FP1 functions (X p ) are shown for continuous variables. For each continuous variable X, we selected the best fitting FP1 function among eight candidate FP1 functions where the powers p were represented by the set {-2, -1, -0.5, 0, 0.5, 1, 2, 3} and X 0 denoted log(X). In cases where the best p ≤ 0 and the variable's domain included 0, the original values of the variable were shifted up by 1 before applying the power.
b Prescriptions were assigned to one of 19 levels: venlafaxine, duloxetine, desvenlafaxine, citalopram, paroxetine, escitalopram, sertraline, fluoxetine, fluvoxamine, amitriptyline, doxepin, nortriptyline, trimipramine, imipramine, desipramine, clomipramine, trazodone, bupropion, or mirtazapine. For each observation window, 13 binary variables were used to represent whether diagnostic codes were recorded for each of the following treatment indication categories: depression, anxiety/stress disorders, sleeping disorders, pain, migraine, fibromyalgia, obsessive-compulsive disorder, vasomotor symptoms of menopause, nicotine dependence, attention deficit/hyperactivity disorder, sexual dysfunction, pre-menstrual dysphoric disorder, and eating disorders. ICD-9 codes for these treatment indications are listed in Table s1 . g 17 binary variables were used to represent whether diagnostic codes for any of the following conditions in the Charlson comorbidity index were recorded in the past year: myocardial infarction, congestive heart failure, peripheral vascular disease, cerebrovascular disease, dementia, chronic pulmonary disease, rheumatic disease, peptic ulcer disease, mild liver disease, diabetes without chronic complication, diabetes with chronic complication, hemiplegia or paraplegia, renal disease, any malignancy, moderate or severe liver disease, metastatic solid tumor, and AIDS/HIV. ICD codes for these conditions were identified using the algorithms published by Quan et al. 31 h 86 binary variables were used to represent each four-digit iCD-9 code that was recorded for at least 1% of all antidepressant prescriptions in the past year (after excluding diagnostic codes for antidepressant treatment indications and Charlson conditions).
i Expressed as the percentage of all outpatient visits in the past year that were made to the prescribing physician.
j Based on billing codes recorded in medical claims data over the past year. individual billing codes were grouped into broader "billing code categories" using mapping tables obtained from the raMQ. Binary variables were used to represent the presence of billing codes from any category that was recorded for at least 1% of antidepressant prescriptions in the past year (a total of 52 categories).
k Based on procedure codes recorded in hospital discharge abstracts over the past year. Binary variables were used to represent the presence of any three-digit CCP code that was recorded for at least 1% of antidepressant prescriptions where the patient had been hospitalized in the past year (a total of 70 procedure codes).
l Binary variables were used to represent the presence of a prescription in the past year for any drug (generic name) that had been prescribed in the past year for at least 1% of all antidepressant prescriptions (a total of 99 drugs).
m Prescriptions were assigned to one of three levels: 1) 24+ years, 2) 15-23 years, or 3) <15 years.
n Measured using physician scores on the Evidence-nonconformity-Practicality survey, 33 which is a psychometric instrument for determining how physicians would likely respond to new information about evidence-based clinical practice. higher evidence scores indicate a stronger belief in scientific evidence over clinical experience as the best source of clinical knowledge, higher nonconformity scores indicate more willingness to diverge from group norms in clinical practice, and higher practicality scores indicate higher sensitivity to practical concerns such as managing workload and patient flow. Abbreviation: FP1, first-degree fractional polynomial.
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Predicting when antidepressants are prescribed for indications other than depression (ie, hot flashes), nicotine dependence, attention deficit/ hyperactivity disorder, sexual dysfunction, pre-menstrual dysphoric disorder, and eating disorders. We examined two separate observation windows for these 13 diagnostic categories: 1) ±3 days around the index prescription date, and 2) 4 to 365 days before the index prescription date. We used the set of ICD-9 codes from our previous study 19 to identify diagnostic codes that mapped to each of these 13 diagnostic categories (Table S1 ). ICD-10 codes recorded in hospital discharge abstracts from April 2006 onwards were translated to their ICD-9 equivalent using conversion tables. 28 We also created another 17 binary variables to capture the presence of diagnostic codes for chronic conditions in the Charlson comorbidity index recorded over the past year since patients with depression often have more chronic morbidities than patients without depression. 29, 30 Diagnostic codes for these chronic conditions were identified using the ICD mappings by Quan et al. 31 The last 86 binary variables captured the presence of all remaining four-digit ICD-9 codes that were recorded for at least 1% of all patients with antidepressant prescriptions in the past year (Table S2) .
Patterns of health care utilization in the past year were also considered because compared to individuals without depression, individuals with major depression who are treated in primary care are more likely to have a usual source of care, more likely to see a physician, and less likely to visit the emergency room for routine services. 30 We therefore created variables representing the number of outpatient visits, number of outpatient physicians seen, and whether the patient had been hospitalized, undergone day surgery, or visited the ER in the past year. Continuity of care with the prescribing physician was also measured by calculating the percentage of all outpatient visits in the past year that were made to the prescriber. Medical services received in the past year were represented by assigning billing codes from physician claims data to their respective "billing code category" using mapping tables obtained from RAMQ. Binary variables were used to represent the presence of billing codes from any category recorded for at least 1% of patients with antidepressant prescriptions in the past year (a total of 52 categories - Table S3 ). A similar method was used for in-hospital procedures, where procedure codes from discharge abstracts in the past year were grouped at the three-digit CCP level. CCI codes in discharge abstracts after March 2006 were translated to their CCP equivalent using conversion tables from RAMQ. Binary variables were used to represent the presence of any 3-digit procedure code recorded for at least 1% of patients with antidepressant prescriptions who had been hospitalized in the past year (a total of 70 procedure codes - Table S4 ).
Finally, we considered drugs prescribed to patients in the past year because patients' previous drug history may contain clues about the reasons for antidepressant prescriptions. For example, antidepressants may be more likely to be prescribed for depression if the patient was previously prescribed atypical antipsychotics (eg, aripiprazole, quetiapine) or lithium, which are drugs commonly used to augment antidepressant therapy for depression. 32 Binary variables were used to represent the presence of previous prescriptions for any molecule that had been prescribed in the past year for at least 1% of patients with antidepressant prescriptions (a total of 99 drugs - Table S5 ).
Physician factors
Various factors may influence why physicians prescribe antidepressants for different indications, such as their previous medical training, clinical experience, workload, and receptiveness to new information on best practices. To test these hypotheses, we used information from RAMQ to capture physicians' sex, place of medical training (Canada/USA or other), level of clinical experience (number of years in practice since medical graduation), and workload (average number of patients seen per working day in the previous year). MOXXI physicians also completed the Evidence-Nonconformity-Practicality survey, 33 which is a psychometric instrument that determines how physicians will likely respond to new information about evidence-based clinical practice. Higher evidence scores (possible range 6-30) indicate a stronger belief in scientific evidence versus clinical experience as the best source of clinical knowledge, higher nonconformity scores (possible range 6-30) indicate more willingness to diverge from group norms in clinical practice, and higher practicality scores (possible range 5 to 25) indicate higher sensitivity to practical concerns such as managing workload and patient flow. statistical analysis Figure 1 illustrates the steps of the study analysis. For the primary outcome, we used multivariable binomial logistic regression to model the probability that a given prescription was written for an indication other than depression. For the secondary outcome, we used multivariable multinomial logistic regression to estimate the probabilities that a given prescription was written for each of the five mutually exclusive treatment indication classes.
Only a small proportion (5.1%) of prescriptions had missing data, which we excluded from the main analysis Clinical Epidemiology 2018:10 submit your manuscript | www.dovepress.com
Dovepress
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Wong et al ( Figure 1 ). Missing data occurred either because the patient's postal code did not fall within a census tract region or because the prescribing physician did not complete the EvidenceNonconformity-Practicality survey. We hypothesize that the mechanisms behind missing data were not related to factors affecting antidepressant treatment indications.
All prescriptions with complete data were randomly divided using a 3:1 split into a "training set" versus "test set". The training set was used for model selection and to fit the final prediction models. The test set was only used to evaluate the performance of the final models; it was not used in the model building or estimation process. Because prescriptions were nested within patients who were in turn nested within physicians, we assigned a random sample of 75% of physicians (rather than individual prescriptions) to the training set. The remaining 25% of physicians were assigned to the test set. All prescriptions from the same physician and for the same patient were therefore limited to either the training or test set. To ensure that patients and prescriptions were also divided approximately 3:1 between the training and test sets, we first stratified physicians by the number of their patients and then randomly sampled separately within each stratum.
Using the same randomization procedure, we divided the physicians in the training set into three mutually exclusive blocks ( Figure 1, Step 1). These blocks were used for 3-fold cross-validation to reduce the risk of overfitting the final model to the training set. 34 The cross-validation procedure involved fitting a candidate model for the primary outcome using data from two of the three blocks (the "derivation set") and evaluating its performance in the held-out block (the "validation set") ( Figure 1 , Step 2 -Box). We repeated this process three times, each time using a different block as the validation set and then averaged the performance over the three validation sets. As the performance metric, we used the scaled Brier score 35, 36 , similar to the R 2 statistic in Figure 1 Outline of the study analysis. 
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where N represents the total number of antidepressant prescriptions, Ŷ i represents the predicted probability that prescription i was written for an indication other than depression, Y i represents the observed outcome for prescription i (1 if the prescription was not written for depression, 0 otherwise), and Y represents the overall (marginal) observed probability of an antidepressant prescription being written for an indication other than depression in the study sample. As the formula shows, the scaled Brier score can be interpreted as the proportion by which a given model reduces the mean squared error of a non-informative model where all prescriptions are assigned the overall probability of having an indication other than depression.
We used 3-fold cross-validation to guide our decisions in three aspects of the model building process. The first aspect concerned the choice of functional form for the association between each continuous variable and the primary outcome ( Figure 1, Step 2A). To this end, we relied on the flexible yet parsimonious first-degree fractional polynomials (FP1) 37 . For each continuous variable X, we selected the best fitting FP1 function among eight candidate FP1 functions: X p , where the powers p were represented by the set {-2, -1, -0.5, 0, 0.5, 1, 2, 3}, and X 0 denoted log(X) 37 . The best functional form for each X was assumed to be X 1 (ie, a linear association with outcome) unless a model using one of the nonlinear FP1 functions had a cross-validated scaled Brier score that was at least 0.0005 units higher than a model using the linear function. We required this minimum increase in the scaled Brier score to avoid using more complex functional forms that offered only minimal improvement in performance. The second decision concerned the selection of covariates. Starting with a model containing only covariates based on diagnostic codes for plausible antidepressant treatment indications (the "baseline model"), we used a forward stepwise selection procedure to add other covariates to the model (Figure 1, Step 2B). At each step, the variable that produced the greatest increase in the cross-validated scaled Brier score was added to the model. We stopped adding covariates when none of the remaining variables further increased the cross-validated scaled Brier score by at least 0.0005 (again, to avoid including covariates that offered only minimal improvement in predictive performance). Finally, among the covariates added to the model from the forward stepwise selection procedure, we identified plausible first-order interaction terms between them and tested whether the individual addition of these interaction terms improved the cross-validated scaled Brier score of the "main-terms" model (ie, without interactions) by at least 0.0005 ( Figure 1, Step 2C) .
After identifying the final prediction model, we used the entire training set to fit both the baseline and final models for the primary and secondary outcomes (Figure 1, Step 3) . We then used the fitted coefficients of these models to calculate the probability of the outcome for prescriptions in the test set, where the outcome probability was calculated as
. We evaluated the performance of these predictions using the methods and criteria described below ( Figure 1, Step 4) .
Measures of predictive performance Primary outcome
We assessed overall model performance using the scaled Brier score. We assessed model discrimination (the model's ability to distinguish between prescriptions for depression versus other indications) using two measures: 1) the concordance (c) statistic, which is equivalent to the area under the receiver operating characteristic curve; and 2) the discrimination slope, which is calculated as the absolute difference in the average predicted probabilities among prescriptions for depression and prescriptions for other indications. 36 We compared the discrimination of the final and baseline models using the integrated discrimination improvement (IDI) to quantify the predictive ability gained from including other health-related information other than diagnostic codes for plausible antidepressant treatment indications in the prediction models. 38 The IDI can be interpreted as the difference in discrimination slopes between the final and baseline models or alternatively as the change in average sensitivity (ie, the sensitivity averaged over all possible cut-off values between 0 and 1) minus the change in average "one minus specificity" when comparing the final model to the baseline model. 38 Finally, we assessed model calibration (the accuracy of the predicted probabilities compared to the observed outcomes) by calculating the ratio of observed to expected number of prescriptions for indications other than depression within each of five strata based on the estimated probability of the outcome: 0-0.2, >0.2-0.4, >0.4-0.6, >0.6-0.8, and >0.8-1.0. The expected number of prescriptions for indications other than depression in each stratum was calculated by summing the estimated probabilities across all prescriptions in the corresponding stratum. As with the primary outcome, we assessed overall model performance for the secondary outcome using the scaled Brier score. However, because there were five treatment indication categories, we calculated the scaled Brier score using the following formula: where N represents the total number of antidepressant prescriptions, R represents the number of treatment indication categories, Ŷ ij represents the estimated probability that prescription i was written for indication j, Y ij represents the observed outcome for prescription i corresponding to indication j (ie, 1 if prescription i was written for indication j, 0 otherwise), and Y ij represent the overall (marginal) observed probability of indication j in the study sample. 35 We also assessed the overall performance of the model separately for each treatment indication category using a "one-versus-rest" approach, where the scaled Brier score was calculated as per the primary outcome.
We calculated 95% confidence intervals (CIs) around all performance measures using a two-stage cluster bootstrap 39 to account for multi-level clustering of prescriptions within patients, who in turn were nested within physicians. The reported 95% CIs correspond to the values of the 2.5th and 97.5th percentiles of the distribution of the respective estimates across 1,000 bootstrap re-samples of the test set.
Measures of association
We used the final multivariable prediction model to estimate the adjusted odds ratio (OR adj ) for the independent association between each selected covariate and the odds of a treatment indication besides depression, fitted to the entire dataset ( Figure 1, Step 5) . We combined the training and test sets when estimating the adjusted odds ratios to maximize the precision of our estimates. As before, we used a two-stage cluster bootstrap 39 to calculate the 95% CIs around the OR adj estimates.
All statistical analyses were performed using SAS (SAS Institute Inc., Cary, NC, USA) software, version 9.4.
Results
The study analysis included a total of 73,576 antidepressant prescriptions written by 141 physicians for 16,262 patients ( Figure 1 
Prescription, patient, and physician characteristics
Overall, the most commonly prescribed antidepressants were venlafaxine (20.9%), citalopram (18.5%), and trazodone (9.4%). For only a small proportion (2.9%) of prescriptions, physicians prescribed the antidepressant on a "take-asneeded" basis.
More than two-thirds (68.9%) of all antidepressant prescriptions were written for female patients. Patients were a median of 55 (IQR 45-65) years old and 55.6% were registered in the public drug insurance plan. The percentage of patients without a diagnostic code for any of the 13 plausible antidepressant treatment indications within ±3 days of the index prescription date was 57.4%, which decreased to 22.5% when the length of the lookback window was increased to 365 days. Nearly one-third (31.7%) of patients had at least one chronic condition in the Charlson comorbidity index, 9.2% had been hospitalized in the past year, and 32.5% had visited the ER in the past year.
Nearly all antidepressant prescriptions were written by physicians who had received their medical training in Canada or the USA (90.0%) and had been practicing for at least 15 years at the start of the study period (94.0%). Physicians saw a median of 18 (IQR 13-23) patients per working day. Physician scores on the Evidence-Nonconformity-Practicality survey 33 suggested that they favored scientific evidence over clinical experience as the best source of knowledge (median evidence score of 20, IQR 19-22), were comfortable diverging from clinical norms and common practices (median nonconformity score of 17, IQR 15-19), and were not overly concerned with pragmatic concerns of practice (median practicality score of 15, IQR [14] [15] [16] [17] .
The distribution of most of these characteristics did not differ notably between prescriptions in the training and test sets (Table S6 ). The only exceptions were the proportion of antidepressants prescribed on a "take-as-needed" basis (3.8% in the training set compared to 0.8% in the test set) and the proportion of antidepressant prescriptions written by physicians trained in Canada or the USA (93.9% in the training set compared to 80.5% in the test set). 
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Best FP1 function for continuous variables
Among all candidate predictors considered, 13 were continuous variables. For seven of these covariates, there was a better nonlinear FP1 function with a higher cross-validated scaled Brier score than the conventional linear X 1 representation. The best-fitting FP1 function was X -2 for four of these variables (number of other drugs concurrently prescribed with the index drug, patient age, number of outpatient physicians seen in the past year, and the physician nonconformity score), X -0. 5 for two variables (number of outpatient visits in the past year and physician workload), and X 3 for the physician evidence score. The linear function X 1 was used for the remaining six continuous variables ( Table 1) .
Derivation of the final model
Starting with the baseline model, which only contained the 26 variables based on diagnostic codes for plausible antidepressant treatment indications, the cross-validated estimate of the scaled Brier score was 0.0916 (Table 2) . Thus, compared to a non-informative model where all prescriptions were assigned a probability of 44% (the overall probably that an antidepressant prescription was written for an indication other than depression), the baseline model reduced the mean square error by only 9.16%.
Among the remaining 347 candidate predictors, the forward stepwise selection procedure added 14 of these variables to the baseline model ( Table 2 ). The name of the molecule prescribed was added first and was by far the best predictor of whether an antidepressant was prescribed for an indication other than depression. Adding this variable resulted in a cross-validated scaled Brier score of 0.3193 -representing an increase of 0.2277 over the baseline model. The next three variables added were the area-level marker of patient education, physician workload, and the prescribed dose, which collectively increased the cross-validated estimate of the scaled Brier score by another 0.0117. The last 10 variables addedeach with only a very minor contribution to the cross-validated scaled Brier score -were the number of outpatient visits in the past year, whether the drug was prescribed on a "take-asneeded" basis, binary variables for whether the patient had been prescribed each of three drugs in the past year (trazodone, quetiapine, and furosemide), binary variables for whether the patient had a diagnostic code in the past year for each of three conditions (diabetes without chronic complication, dementia, and unspecified nonpsychotic mental disorder following organic brain damage), patient age, and a binary variable for whether the patient had a billing code for any diagnostic procedure (eg, endoscopies, electrocardiograms, biopsies) in the past year. Collectively adding these 14 variables to the baseline model increased the scaled Brier score by 0.2499, creating the final "main-terms" model with a scaled Brier score of 0.3415.
Finally, we tested whether the main-terms model performed better when a first-order interaction term was added 
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Wong et al between the name of the molecule and the prescribed dose or when patient age was crossed with any variable for diagnostic codes or drugs prescribed in the past year. Only the interaction term between the name of the molecule and the prescribed dose further increased the cross-validated scaled Brier score, yielding the final prediction model with a cross-validated scaled Brier score of 0.3452 (Table 2) . Table S7 shows the regression coefficients of all covariates in the final prediction model that were fit using the entire training set. These regression coefficients were used to calculate the estimated probability of the primary outcome for prescriptions in the test set.
Performance of the final versus baseline models Primary outcome
In the test set, the final model had a scaled Brier score of 0.307 (95% CI 0.245 to 0.360) ( Table 3 (Table 3) resulted from an increase in average sensitivity of 0.113 (95% CI 0.085 to 0.143) minus a decrease in average "one-minus-specificity" of -0.126 (95% CI -0.150 to -0.099), further demonstrating that the 14 variables added to the baseline model significantly improved the ability to discriminate between prescriptions written for depression versus other indications.
The overall calibration of the final model was very good, with a ratio of 0.986 (95% CI 0.842 to 1.136) for the overall number of observed to expected prescriptions for indications other than depression ( Table 4) . The final prediction model underestimated the number of prescriptions in the stratum with a very low (≤0.2) probability of the outcome and slightly overestimated the number of prescriptions in the stratum with a higher probability of the outcome (0.2 to 0.6). When the estimated probability exceeded 0.6, however, the predictions from the final model were very accurate. In comparison, the overall calibration of the baseline model was worse, with a ratio of 0.935 (95% CI 0.773 to 1.125) for the overall number of observed to expected prescriptions for indications other than depression. Furthermore, the baseline model did not afford a clear identification of prescriptions with a high probability of indications other than depression, as over half of prescriptions had an estimated probability between 0.4 and 0.6 and only 0.3% (n=75) of prescriptions had an estimated probability >0.8 (Table 4) .
secondary outcome
For the multinomial logistic regression model that produced estimated probabilities for each of the five treatment indication classes, the scaled Brier score across the five classes was 0.320 (95% CI 0.249 to 0.385) ( Table 5 
Notes:
a Based on the regression coefficients for the final and baseline models that were fit using the training set and applied to the test set.
b For a binary outcome, the scaled Brier score is analogous to the Pearson's R 2 statistic for continuous outcomes. 36 higher scores indicate better performance.
c Calculated as the absolute difference in the average probability of the outcome among observations with and without the outcome.
d
Quantifies the incremental value of adding new markers to an existing model to predict a binary outcome. The IDI is equal to the difference in discrimination slopes between the final and baseline models, or alternatively, the difference between the change in average (ie, over all possible cut-off values between 0 and 1) sensitivity and the change in average "one minus specificity" when comparing the final model to the baseline model. (Table 6 ). Other drugs more likely to be prescribed for indications besides depression than venlafaxine included four TCAs (nortriptyline, doxepin, imipramine, and desipramine), duloxetine (an SNRI), and paroxetine (a selective serotonin reuptake inhibitor [SSRI]). Bupropion was least likely to be prescribed for indications other than depression, with an OR adj of 0.18 (95% CI 0.06 to 0.44) compared to venlafaxine.
For certain molecules, indications besides depression were less likely if the prescribed dose increased. For each 10 mg/day increase in the prescribed dose, the odds of indications other than depression decreased substantially for mirtazapine (OR adj 0.68, 95% CI 0.48 to 0.89), nortriptyline (OR adj 0.68, 95% CI 0.30 to 0.92) and paroxetine (OR adj 0.78 (95% CI 0.66 to 0.91), and decreased moderately for citalopram (OR adj 0.86, 95% CI 0.76 to 0.96), amitriptyline (OR adj 0.92, 95% CI 0.78 to 0.99) and venlafaxine (OR adj 0.96, 95% CI 0.94 to 0.98) ( Table 6 ). On the other hand, antidepressants that were prescribed on a "take-as-needed" basis were notably more likely to be prescribed for indications other than depression (OR adj 2.85, 95% CI 1.47 to 6.09).
Antidepressants were also more likely to be prescribed for indications other than depression if the patient had undergone a diagnostic procedure in the past year (OR adj 1.19, 95% CI 1.04 to 1.33) or lived in an area where a higher percentage of the population did not have university education (OR adj per 1% increase 1.07, 95% CI 1.03 to 1.10). Patients with a diagnostic code for anxiety/stress disorders, fibromyalgia, obsessive-compulsive disorder, or attention deficit/hyperactivity disorder in the past year were also more likely to be prescribed antidepressants for indications other than depression, with these associations being strongest when the diagnostic code was recorded around the index prescription date. Conversely, patients were significantly less likely to be prescribed antidepressants for indications other than depres- Table 4 Calibration of the final and baseline models for predicting antidepressant prescriptions for indications other than depression 
Notes:
a The probability of the outcome was calculated for prescriptions in the test set based on the regression coefficients obtained using the training set. b The expected number of prescriptions for a treatment indication besides depression was calculated by summing the probabilities across all prescriptions in the stratum. Abbreviations: n, number of antidepressant prescriptions; O, observed number of antidepressant prescriptions for a treatment indication besides depression; E, expected number of antidepressant prescriptions for a treatment indication besides depression; O:E, ratio of observed to expected prescriptions. Table 5 Overall and per-class performance of the final and baseline models for predicting antidepressant treatment indications expressed as a five-class outcome a Based on the regression coefficients for the final and baseline models that were fit using the training set and applied to the test set. The per-class estimates were calculated using a one-versus-rest approach.
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Wong et al The presence of diagnostic codes for the 13 plausible antidepressant treatment indication categories was examined in two separate observation windows: ±3 days and -4 to -365 days. Abbreviations: n, number of antidepressant prescriptions, iQr, interquartile range. sion if they had a diagnostic code for depression, unspecified nonpsychotic mental disorder following organic brain damage (ICD-9 code of 310.9), or diabetes without chronic complication, or if they had been prescribed furosemide or trazodone in the past year. Patients with diagnostic codes for dementia or prescriptions for quetiapine in the past year were also less likely to be prescribed antidepressants for indications other than depression, but these 95% CIs did not exclude 1 (Table 6 ). Figure 2 shows the adjusted ORs for the primary outcome that were estimated in the final model for the three continuous covariates that were expressed using nonlinear FP1 functions: patient age (panel A), the number of outpatient visits in the past year (panel B), and physician workload (panel C). For all these covariates, the odds of the outcome decreased with increasing values of the variable over their low to middle ranges but plateaued for values above a threshold.
Discussion
In this study, we derived and validated a model that could accurately predict when primary care physicians prescribed antidepressants for indications other than depression. The most important predictors in the final model included the name of the molecule and the dose at which it was prescribed, the presence of diagnostic codes for certain conditions in administrative data over the past year, the patient's education level, and the physician's workload. The final prediction model had good discrimination, good calibration, and performed substantially better than a model containing only covariates based on diagnostic codes for plausible antidepressant treatment indications.
Comparison with previous studies
Few studies have attempted to predict antidepressant treatment indications or identify factors associated with them. Gardarsdottir et al 25 developed an algorithm to identify antidepressant users with a diagnostic code for depression in a Dutch medical database. The authors similarly found that antidepressant users with a diagnostic code for depression were more likely to be prescribed SSRIs rather than TCAs and to be prescribed higher doses of the drug. Milea et al 15 identified factors associated with antidepressant users without a diagnostic code for either approved or common off-label indications in a US claims database. Although the authors dissimilarly found that antidepressant users without a diagnosis of interest were more likely to be older or female, it is Clinical Epidemiology 2018:10 submit your manuscript | www.dovepress.com
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Wong et al Figure 2 Independent association between antidepressant prescriptions for indications other than depression and the three continuous covariates in the final model that were expressed using non-linear FP1 functions. Patient age (A) was expressed using the function X -2 while the number of outpatient visits in the past year (B) and physician workload (C) were expressed using the function X -0. 5 .
The adjusted ORs account for all other covariates in the final model and were calculated based on coefficients fit using all prescriptions. For each continuous covariate, adjusted Ors were calculated from the 5th to 95th percentile of the distribution of observed values using the value at the 5th percentile as the reference level. The black lines represent the point estimates of the adjusted Ors, while the dotted lines represent the 95% Cis around the point estimates. 
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Predicting when antidepressants are prescribed for indications other than depression hard to compare our findings because the authors combined depression with other off-label indications for antidepressants and did not include prescriptions for TCAs or trazodone in the analysis. Finally, Sihvo et al 40 identified factors associated with non-psychiatric antidepressant use (neither depression nor anxiety) in an adult Finnish population where patients' psychiatric history was assessed via self-report in a structured interview. The authors found that patients with lower levels of education or who had not used health services in the past year were more likely to take antidepressants for nonpsychiatric reasons. Although neither of these associations was statistically significant in their study, these findings are concordant with our observation that patients with less than university education or fewer outpatient visits in the past year were more likely to receive antidepressant prescriptions for indications other than depression.
In all these studies, treatment indications were measured using suboptimal methods. The use of diagnostic codes alone identifies the true indication for only a small proportion of antidepressant prescriptions 19 and the use of self-reported psychiatric history may lead to under-reporting of depression and other mental conditions. 40 In this study, we measured treatment indications using validated, physician-documented indications that were systematically recorded for every prescription. We also considered a more extensive range of predictors for antidepressant treatment indications than any other previous studies.
Explanations for study findings
Our finding that patients with lower education were more likely to be prescribed antidepressants for indications besides depression may be because patients with lower education are more likely to suffer from insomnia 41 and chronic pain 42 for which antidepressants are often prescribed. Our finding that antidepressant prescriptions were more likely to be written for depression if the patient had more previous outpatient visits may be explained by the observation that patients with depression visit their primary care provider more frequently than patients without depression. 43 We also found that patients with past prescriptions for furosemide were more likely to be prescribed antidepressants for depression, which may have been observed because depression is associated with heart failure and adverse renal disease outcomes. 44 Our finding that patients with previous prescriptions for trazodone were more likely to be prescribed antidepressants for depression may be due to the fact that sleeping disorders are a key symptom of depression 45 and the physicians in our study mainly prescribed trazodone for sleeping disorders (81% of all trazodone prescriptions). Finally, the somatic and symptomatic nature of many nonpsychiatric conditions for antidepressants (eg, pain, fibromyalgia, Crohn's disease) may require patients to undergo various diagnostic tests before reaching a proper diagnosis. 46, 47 Thus, the work-up required to investigate patients' medical complaints may explain why antidepressants were more likely to be prescribed for indications besides depression if the patient had undergone a diagnostic procedure in the past year.
Implications of findings
Administrative data and electronic health records rarely contain information linking prescriptions directly to their corresponding diagnoses, 15, 48 thus creating major barriers for using these data to study antidepressant use by indication. The fact that we derived a model that could accurately predict when antidepressants were being prescribed for indications other than depression is a promising finding for researchers. Specifically, it suggests that in the absence of documented treatment indications, researchers may still be able to use health services data to stratify antidepressant users by indication to achieve better precision when studying outcomes from antidepressant use and using antidepressant prescriptions as a proxy for depression treatment. Thus, our prediction model represents a valuable tool for enabling more valid, accurate database research on antidepressant use for both depression and other (eg, off-label) indications. Furthermore, the poor performance of our baseline model emphasizes that algorithms based on diagnostic codes alone should not be used to infer antidepressant treatment indications. Such algorithms likely have poor accuracy and will misclassify a significant number of antidepressant users, thus compromising the validity of the analysis.
For policy makers, the fact that the specific molecule prescribed was by far the strongest predictor of why antidepressants were prescribed suggests that health policies or interventions aimed at specific drugs may have large impacts on changing prescribing behaviors for antidepressants. For example, policies around trazodone would likely have a substantial impact on antidepressant use for sleeping disorders since this drug is used almost exclusively to treat insomnia.
strengths and limitations
The main strength of this study is that it included ten years of data where physicians systematically documented treatment indications for antidepressants at the point of prescribing. Another strength is that in deriving our prediction model, we applied sound practices to reduce model over-fitting 
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Wong et al while still optimizing predictive performance. First, we used changes in the scaled Brier score rather than p-values as our criterion for selecting variables. Given that there were so many candidate predictors, the standard practice of relying on p-values 15, 25, 40 would have likely included many irrelevant variables or variables with little predictive value. The scaled Brier score, on the other hand, allowed us to assess each variable based on its predictive utility rather than statistical significance. Second, using 3-fold cross-validation during the variable selection process allowed us to obtain better estimates of the test error, thus reducing the risk of overfitting the final model to the training set. Finally, we tested the final model's performance on a held-out set of prescriptions that had not been used during the training process, which allowed us to better estimate the model's performance on new data. However, despite our best efforts to prevent overfitting, the final prediction model still performed better in the training set (cross-validated estimate of 0.345 for the scaled Brier score) than in the test set (scaled Brier score of 0.307).
Study limitations include the generalizability of our findings, as the MOXXI system is used by primary care physicians in one Canadian province for patients that are generally older with more health complexities. 24 Future research should be done to determine if our findings represent the prescribing habits of other specialists and physicians from other geographical locations. Another study limitation is that in creating predictors for the model, we did not consider previously dispensed drugs, because dispensing data was unavailable for patients with private drug insurance who contributed nearly half (44%) of the antidepressant prescriptions in this study. We also modelled treatment indications as mutually exclusive categories even though some antidepressants could have been prescribed for multiple indications. However, we hypothesize that this situation did not occur very frequently because only a small proportion (1.8%) of antidepressant prescriptions had multiple indications entered in the electronic prescribing system. This observation is similar to another UK study 49 that found only 5% of antidepressants users reported taking antidepressants for multiple indications. Furthermore, MOXXI physicians had good reason to enter all relevant indications into the MOXXI system because these conditions became part of the patient's problem list, which was then accessed by drug knowledge databases to identify potential drug-disease problems. 22 Finally, two study considerations deserve mention. First, because we used prescribing data in this study, future research should determine whether the performance of our prediction model is similar when applied to drug dispensing data, since patients who fill their antidepressant prescriptions may be distinct from those who do not. Second, the relationships we observed in this study were associational and not necessarily causal, thus requiring further investigation to reveal the mechanisms behind them.
Conclusion
In this study, we used health services data to derive a model that could accurately predict when primary care physicians prescribed antidepressants for indications other than depression. This model represents a valuable tool that could enable researchers to conduct more accurate database studies on antidepressant use by indication in the absence of documented treatment indications. This study also identified important factors associated with antidepressant prescriptions for indications besides depression that could help inform health policies and interventions aimed at changing prescribing behaviors for antidepressants.
